This study aims at investigating several dynamical parameters of the monthly variability of eight streamflow time series, recorded at different stations along the major courses and springs of the Litani River (Lebanon). The contribution of the annual periodicity to the total variance of the series depends on the geomorphological characteristics of the measuring sites. The long-term trend of five northern stations is more or less uniform, while that of the remaining southern three is characterized by a decreasing behaviour. The long-term trend of each streamflow series is, furthermore, featured by the presence of several peaks, mostly due to extreme rainfall events. Applying to the long-term trends the horizontal visibility graph, it was found that the North Atlantic Oscillation index could be a significant forcing of the complex fluctuations of the streamflows.
Introduction
Lebanon is a country with sufficient water resources on surface and in subsurface, including rivers, springs, snow, wetlands and aquiferous rock formations. Lebanon has a complex and rugged topography, with two mountain chains, the Mount Lebanon and Anti-Lebanon, which extend parallel to the Mediterranean Sea, and separated by a relatively wide plain, the Bekaa Plain (Fig. 1 ). Lebanon is characterized by three drainage systems: one towards the Mediterranean Sea (with a catchment area of about 5500 km 2 ), the other towards North Lebanon along Al-Assi River (comprising a major tributary of the Orontes River and a catchment area of about 25,300 km 2 ) and the last towards South Lebanon along Hasbani-Wazzani River (constituting a major tributary of the Jordan River, with a catchment area of about 8425 km 2 ). The Litani River Basin (with an area of approximately 2110 km 2 ), the largest drainage system in Lebanon, represents the junction area among these three major drainage systems (Fig. 1) .
Litani River, 174 km long, is located in the middle part of Lebanon and joins the inner zone (Bekaa Plain) with the coastal one (Mount Lebanon) (Fig. 1) . The river occupies four administrative governorates, which include more than 350,000 people (about 9% of Lebanon's population); thus, it represents an important natural resource, notably for the irrigation purposes for the Bekaa Plain and the Southern agricultural lands. In fact, the Litani River contributes to the irrigation system for thousands of hectares of farmland. Water in the Litani River Basin substantially contributes to the agronomical sector in Lebanon, notably in the regions of the Bekaa Plain and the coastal ribbon north to Sour City; thus, the agricultural purposes share with more than 30% of the income within the basin, while more than 25,000 people (~ 6.5%), living within the basin, work in agriculture and the related tasks. According to the report done by IDRC, CNRS, LRA and DSA (2007) , the river supplies water for domestic purposes to about one million people, also secures a number of wetlands and feeds the major groundwater reservoirs. Moreover, the Litani River, and in particular the Qaraaoun Reservoir, is essential in providing energy with a number of installed hydro-power stations. These stations supply Electronic supplementary material The online version of this article (https ://doi.org/10.1007/s1160 0-019-00366 -3) contains supplementary material, which is available to authorized users. 1 3 electrical power (about 500 megawatts) which is equivalent to 22% of Lebanon's electricity needs.
Rainfall feeds the Litani River Basin annually with water amount between 500 and 1400 mm (CAL 1982; CNRSL 2015) . In addition, snow falls between 25 and 30 days annually, especially in regions above 1200 m, thus representing a further water source for the river.
Most of water feeding sources for the Litani River imply, in addition to rainfall and snowmelt, a number of springs which are located in the northern Bekaa Plain and spread on the surrounding mountain slopes, as well as a number of issuing springs in the southern part of the river basin. The volume of water discharged from the Litani River is estimated at 24% of the net rainfall received by the entire Lebanese territories (Shaban and Hamzé 2018) . This quantity represents more than 40% of the total amount of running water in the internal rivers of Lebanon (LRA 2016).
In recent years, there has been a debate on the flow dynamics (i.e. seasonal flow regime and fluctuations) of the Litani River and even the discharge has not been well determined yet. For instance, the discharge in 1954 was about 1 billion m 3 , while in 1970, it was about 184 million m 3 (Soffer 1999 ). Nassif et al. (2014) described the estimated streamflow as uniform and the discharge was estimated at 160 million m 3 /year at the river mouth. Besides, the Litani River Authority (LRA 2018) mentioned that the discharge of the Litani River is at 750 million m 3 /year; and recently, Shaban and Hamzé (2018) stated that the streamflow of the Litani River is highly fluctuating between different seasons and over different years, and thus the average discharge is about 385 million m 3 /year. Such debate about Litani streamflow behaviour was mainly due to the unidentified hydrologic regime of water flow in the river, in studies that simply considered one or two measuring stations located at sites with various geomorphologic and climatic conditions. The present study, instead, aims at providing a deep time series analysis of the Litani streamflows at eight measuring stations, covering almost entirely the whole Litani River Basin, and thus providing a more exhaustive picture of the time dynamics of streamflows. Furthermore, the used different and independent statistical methods [the spectral analysis by means of the Lomb periodogram (Lomb 1976 ) and the robust periodogram (Ahdesmäki et al. 2005) , the singular spectrum analysis (SSA) (Vautard and Ghil 1989) and the horizontal visibility graph (Lacasa et al. 2008 )] allowed to investigate several features of the time dynamics of the Litani River.
The sought results, understanding the flow regime and dynamics, would help in proposing appropriate management approaches in the adaptation for the increased water demand and the changing climate. In fact, a better understanding of the time dynamics of the Litani River streamflows in terms of identification of main periodicities, extraction of longterm trends and identification of some anomalous patterns in its nonlinear behaviour properly teleconnected with climate indices would be relevant for building future projections and scenarios.
Measuring stations
There is a number of measuring stations (i.e. gauges and flow meters) along the tributaries and the feeding springs of Litani River, where some of them were installed since the 1930s. However, only eight of these stations have long enough record to be used for analysis. These stations are operated and managed by the Litani River Authority (LRA). Table 1 illustrates the main characteristics of each station. Due to the politically unstable situation in the country over some time periods, however, gaps exist in the data and sometimes for long time periods, such as in stations of Kobb-Elias, Ghzayel-Anjar, Khardale and Qillya. Figure 2 shows, as an example, the monthly time variation of the streamflow measured at Anjar (the time series of all the streamflows analysed in the present study are shown in supplementary Fig. S1 ).
Methods

Spectral analysis
Revealing periodic behaviour in a time series is maybe the first task one performs when approaching the analysis of a natural phenomenon. Data acquired experimentally or observed are generally affected by noise, gaps, spikes and sometimes they are very short; thus, efficient algorithms are needed to capture as much information as possible.
The problem of missing data is, perhaps, the most commonly found in any experimental or observational records. Data with gaps can be considered as data non-regularly sampled. Recently several methods for spectral analysis of non-uniformly sampled signals were reviewed by Babu and Stoica (2010) . The well-known formula of classical Fourier-based periodogram of {y n } calculated by using the discrete Fourier transform is:
where t n is the time corresponding to the value y n and N is the size of the series. The periodogram is further computed at normalized frequencies where a = [N/2] indicates the integer part of N/2. If the amplitude of the series is modulated significantly by sine of frequency ω 0 , then the periodogram is very probably peaked at that frequency. On the contrary, if the time series is a realization of uncorrelated process, then the periodogram appears uniform and flat at any frequency bands (Priestley 1981) .
The periodogram in Eq. 1 can be straightforwardly applied to series with missing data, if n indicates the non-missing sampling times and N the number of non-missing values.
It is well known that for a uniformly sampled data set, the set of frequencies, for which the values of the Fourier coefficients are independent, is orthogonal (Munteanu et al. 2016 ). However, this property does not hold with missing data (Van Dongen et al. 1999) . To recover the orthogonality, Lomb (1976) introduced a time delay τ for each frequency ω by and the Lomb periodogram is An alternative method to estimate the power spectrum is as follows. The periodogram I(ω) is equivalent to the correlogram spectral estimator.
where (1)
is the unbiased estimator of the autocorrelation function. Pearson et al. (2003) proposed a variation of the spectral estimator defined by Eqs. 5 and 6, based on the replacement of the estimate of the autocorrelation function in Eq. 6 with the alternative rank-based autocorrelation function. This estimator is a moving-window extension of the Spearman's rank correlation coefficient (Hájek et al. 1999 ) that quantifies the inter-dependence between the sequences {y k } and {y k+m }. In order to take into account of data missing, defining I m as the set of all the time indices k for which both y k and y k+m are available, and K m as the cardinality of the set I m , the biased missing data adapted rank-based correlation coefficient is where R y (k) and R y,1 (k) are, respectively, the ranks of y k and y k+m (Pearson et al. 2003) . Ahdesmäki et al. (2005) obtained the following robust spectral estimator:
where ℜ(x) is the real part of x and L is the maximum lag for which the correlation coefficient is computed. Munteanu et al. (2016) compared the performance of the classical periodogram (Eq. 1) and the Lomb periodogram (Eq. 4) on synthetic datasets with a single large gap and multiple small gaps. They found that in data sets with a single large gap the classical periodogram shows monotonically decreasing amplitude of the sinusoidal modes, with the increase in the size of the gap, while the Lomb periodogram does not show decrease in the amplitude of the sinusoidal modes nor frequency dependence. When the data set is affected by multiple small gaps, both periodograms recover the amplitudes of the sinusoidal modes, but the spectral background increases its noise-like behaviour with the increase in the total size of the gaps. In all their simulations, Munteanu et al. (2016) considered series with a length of 1000 points. Actually, also the size of the series, especially when data missings occur, plays an important role in effective detection of periodicity. The robust periodogram proposed by Ahdesmäki et al. (2005) (Eq. 8) was shown to be robust against the short length of series: in short series with length of 20 and 40 points, this estimator was able to identify periodicities with a better performance than the classical periodogram, by which a slight shift of the position of the frequency was produced. Telesca et al. (2015) applied the robust periodogram method developed by Ahdesmäki et al. (2005) , to identify the yearly cycle in a very short time series
of the monthly number of earthquakes occurred around the Pertusillo water reservoir (South Italy), to assess the influence of the loading/unloading operations of the reservoir on the time dynamics of the seismicity. Comparing the performance of the classical Fourier-based periodogram with that of the robust periodogram, they found that the last technique more efficiently individuated the annual cycle in the series of quarterly counts of earthquakes that was just 33 samples long, while the classical periodogram failed in identifying it.
In the Supplementary file (Supp.pdf), we showed the results of the analysis of performance of the three spectral methods (classical periodogram, Lomb periodogram and robust periodogram) on simulated signals with different levels of added noise and different number and length of gaps. The results of our simulation show a comparable performance between the Lomb periodogram and the robust periodogram, although the Lomb periodogram performs quite better than the robust periodogram when the value of the added noise increases.
The singular spectrum analysis method
The singular spectrum analysis (SSA) (Vautard and Ghil 1989 ) is used to decompose relatively short and apparently noisy time series into a sum of a certain number of independent components that could be interpreted like slowly varying trend, periodic or quasi-periodic components and structureless noise (Hassani 2007) .
The presence of data missings in a series represents an issue in any decompositional technique. Schoellhamer (2001) slightly modified the SSA algorithm to make decomposable those series that are affected by gaps. The first step is calculating the Toeplitz lagged correlation matrix of the series, where the entries depend solely on the lag M that is the number of components in which the series has to be decomposed. M is an important parameter, which needs to be carefully chosen. The value of M is selected on the base of a compromise between amount of information (which requires a large M) and level of statistical confidence (which requiresa mall M). If data include a 12-month periodicity, the singular spectrum analysis will not be able to isolate it from other long-term fluctuations unless M is longer than 12 months. Moreover, Vautard et al. (1992) suggested to select M less than N/5. As a practical rule, SSA identifies about M/10 significant components. Therefore, the window length M > T, where T is the longer periodicity characterizing the data and M < N/5, but larger than about M/10 times the number of significant components of the series. Moreover, in a recent paper Khan and Poskitt (2010) found that the maximum M is M = (log N) c , 1.5 ≤ c ≤ 2.5. In our case, to be able to detect at least two components (the long-term trend and the 12-month periodic yearly component, detected by means of the robust periodogram method), the best choice is M = 24. Thus, we decomposed each streamflow series into 24 components.
The eigenvalues λ k (sorted in decreasing order for k varying from 1 to M) of the Toeplitz lagged correlation matrix represent the percentage of the total variance of the series displayed by the component of order k (Schoellhamer 2001) . If E kj are the eigenvectors of the Toeplitz lagged correlation matrix, the reconstructed components r ik of the series y i are then obtained by the following formula:
where a ik is the k-th principal component given by Generally, the first reconstructed components contain most of the energy, while the remaining ones contain merely noise. A pair of reconstructed components with similar λ k typically represents each period less than M with significant energy in the original signal (Vautard and Ghil 1989) .
The modification introduced by Schoellhamer (2001) to deal with missing data series was to ignore the data missing in the calculation of the lagged correlation matrix, considering only the pairs with no missing data. From such modified lagged correlation matrix, the eigenvalues λ k , the principal components a ik and the reconstructed components r ik are then computed analogously as in the case of no missing data by using Eqs. 9 and 10. The only further parameter to consider is the fraction f of allowable missing data points within window size M, so that the calculation of the principal component is done only if the number of pairs with no missing data is larger than fM, 0 ≤ f ≤ 1.
The horizontal visibility graph
The horizontal visibility graph (HVG) ) is defined as follows. Given the time series {x t } for t = 1, …, N, each value represents a graph node. Two nodes i and j in the graph are connected if they are horizontally joined w without any interruption by an intermediate value:
The connectivity degree of a node is given by the number of the connections of that node with any other of the graph. One of the property that can be investigated by means of the connectivity degree distribution is the time reversibility/irreversibility. A series {x t } for t = 1, …, N is statistically time-reversible stationary process if for any N the series {X(t 1 ), …, X(t N )} and its time reversed are equally (9)
probable (Weiss 1975 ). An example of time-reversible process is the Gaussian linear process. An example of timeirreversible process are non-Gaussian stochastic processes and dissipative chaos, associated with systems driven out of equilibrium in the realm of thermodynamics (Kawai et al. 2007; Parrondo et al. 2009 ). The statistics of linear stochastic processes is always symmetric under time reversal (like the power spectrum that does not contain any information about the direction of time), and time irreversibility can be considered as a strong signature of nonlinearity (Schreiber and Schmitz 2000) . Lacasa et al. (2012) used the HVG combined with the Kullback-Leibler divergence (Cover and Thomas 2006) between the forward and backward connectivity degree distributions to quantify the irreversibility of a time series Lacasa et al. 2008 Lacasa et al. ,2009 . Recently, Schleussner et al. (2015) employed the visibility graph approach to reveal irreversibility patterns in records of sea surface temperature.
The connectivity degree k(t) of the node t is the sum of in-going degree k in (t) (the number of connections with other past nodes) and out-going degree k out (t) (the number of connections with future nodes). P in (k) = P(k in = k) and P out (k) = P(k out = k) are the in-going and out-going degree distributions, respectively.
The Kullback-Leibler divergence (KLD) (Cover and Thomas 2006) measures the distributional distance between P out (k) and P in (k):
This measure is always non-negative and is statistically significant, as it is proved by the Chernoff-Stein lemma. Moreover, the higher the distinguishability between P out and P in , the larger the D(P in ||P out ). Recently, Telesca et al. (2018) 
used the KLD to quantify the degree of irreversibility of five seismic zones in Mexico.
Results and discussion
A feature common to all the streamflow series is the presence of the annual periodicity. The robust periodogram and the Lomb periodogram show that the streamflow recorded at Anjar (Fig. 3) and at all the other stations (supplementary Fig. S2.pdf) is clearly characterized by the yearly cycle that modulates their time variation. Furthermore, the time series are also characterized by a strong variability; in fact, the amplitude of the modulating yearly cycle changes very significantly from year to another.
To extract the long-term trend, we applied the SSA and decomposed each streamflow series into 24 components, each associated with an eigenvalue representing the fraction of the total variance of the series. Figure 4 shows the 24 eigenvalues λ i (i = 1, …, 24) for all the streamflow series. The first eigenvalue λ 1 corresponds to the trend (the first component in the SSA decomposition). This component ( Fig. 5 shows, as an example, the trend (red curve) and the original series (black) recorded at Anjar station) is smoother and more "slowly fluctuating" than the others, representing the low-frequency part of the series (Alexandrov et al. 2014 ). (The reader can refer to supplementary Fig. S3 .pdf, where the trend of each streamflow series is shown). The long-term trend accounts from a minimum of about 44% of the total variance for Berdaouni to a maximum of about 75% of the total variance for Khrayzat, as indicated by the value of the corresponding eigenvalue λ 1 (Fig. 6 ). Figure 7 shows synoptically the trends of all the analysed streamflows. Although the long-term trends of all the stations have similar evolution pattern being dominated by the same climate, the streamflow trend of the five stations (Berdaouni, Ghzayel, Anjar, Kobb-Elias and Khrayzat), which are geographically located before the Qaraaoun Reservoir to the north, is more or less uniform, because they are fed regularly from the surrounding mounting chains and springs and no major man-made flow controls exist, while that of the remaining three ones (Qillaya, Khardale and Qasmiye), located beyond the reservoir (downstream), is characterized by a decreasing behaviour. The decline in water volume in these three stations beyond the Qaraaoun Reservoir is observed after the early 1970s, at the time when the Qaraaoun Dam was built. Therefore, the decreasing trend in the last three stations has mainly an anthropic reason (i.e. controlled supply), since the water from the reservoir was provided to the southern areas for the agricultural activities along the southern coastal plain (Shaban and Hamzé 2018) . Lebanon is characterized by four distinguished climatic seasons; thus, the obtained trends are characterized by the presence of several peaks and rainfall oscillations, which would reflect meteorological extreme events, and mainly the torrential rainfall (i.e. high rain rate in short time and snow storms) occurred during the investigation period. Analysing NOAA climatic data (NOAA 2012), data form the Lebanese Agricultural Research Institute (LARI) and data retrieved from the Tropical Rainfall Mapping Mission (TRMM), which is released by NASA since 1998 (for rainfall rate and spatial distribution), and the daily MODIS satellite images (for snow cover area), an increase in the rainfall rate of about 34%, 133%, 210%, 32% and 22% occurred 1919 1931 1943 1955 1967 1979 1991 -February 2013 , March-May 2003 , December 1968 -February 1969 , January 1954 and October-November 1942 . The snow cover area during March-May 2003 was even twice above the average. Therefore, the spiky increase in 2003 of the long-term streamflow trend was due to higher rainfall rate and larger snow cover area, while the high rainfall rate very likely led to the peak occurred in 1968 -1969 ). However, sometimes streamflow peaks were not consistent with the increased rainfall rates, such as those occurred in 1954, 1948 and 1942 , and this is probably due to the increased water feeding by several existing springs (e.g. Berdaouni, Naba'a Ed-Deb, Ain Ez-Zarqa, etc.), which have complicated hydrogeological characteristics within the fractured and karistified carbonate rocks, thus governing the water regime of the area, since they are fed mainly by snowmelt. The couples of eigenvalues λ 2 and λ 3 correspond to the yearly oscillation that accounts from a minimum of about 16% of the total variance for Khrayzat to a maximum of about 40% for Anjar (Fig. 6) . Figure 8 shows, as an example, the second component (associated with the eigenvalue λ 2 ) for the Anjar streamflow (the second component of the other stations-not shown-is similar to that of Anjar); it is visible that the yearly oscillation, in turn, seems to be modulated by a lower-frequency oscillation. It is well pronounced that the contribution to the total variance of the annual periodicity is not approximately the same for each site. The geomorphological and geologic characteristics (e.g. channel slope, rock type, altitude, etc.) of the sites of the investigated stations could explain such different contributions of the annual periodicity to the variability of the streamflow for each site. This is because these characteristics control the energy and behaviour of water in the river tributaries and in the springs as well. For instance, the contribution of the annual periodicity in Anjar Spring is high, while it is relatively low in Khrayzat Spring. This can be due to the fact that Anjar Spring is an ordinary spring type [as demonstrated by the geological classifications (Shaban 2003) ], where the discharge of water, derived from stratified rocks, remains almost stable for long time period; Khrayzat Spring, instead, is of karstic spring type (i.e. large subsurface openings and subsurface natural tunnels), then water flow along these openings with very high volume is in a limited period of the year. The major contribution of the annual periodicity to the total variance of the streamflow series indicates a higher relatively dominance of the yearly cycle in the time variability of the streamflow. In a karstic spring, the flow of water is complex, because it depends not only on the intensity and duration of the recharge events (Sanz et al. 2016) , but also on the presence of significant heterogeneity in the conduits' geometry and connections between them (Halihan et al. 1998; Geyer et al. 2008) ; thus, such larger complexity of network of conduits is reflected in the streamflow variability, in which the contribution of the annual periodicity (linked with the annual meteo-climatic cycle) is lowered in favour of several other forcings, acting on different time scales, and that might be linked with the geometry of the network of conduits.
To the trend of each streamflow series, we applied the HVG and analysed the time variation of the KLD with time. We considered a time window of 100 months, shifting through the data series with one month shift. In each window, we calculated the KLD only in case of absence of data missing, and in order to evaluate the significance, we calculated 95th percentile of the distribution of KLD values of 1,000 surrogate series, obtained shuffling the series values contained in the window. If the KLD value of the original series (black curve in Fig. 9 ) is above the 95% level (red curve in Fig. 9 ), we could define it as anomalous (for the KLD of all the stations, the reader can refer to supplementary file Fig. S4 ). The value of KLD above the 95% level could indicate that the series is significantly -irreversible, and this could suggest that the dynamics of the streamflow series is complex. So time variation of the KLD could be an indicator of dynamical changes in the streamflow series, and in particular, when it is above the 95% level, it indicates that the dynamics of the streamflow undergo complex fluctuations. The analysed trends are generally characterized by a time-reversible behaviour, although in some periods the dynamics switches to a significantly irreversible behvaior. It has been already suggested that the North Atlantic Oscillation (NAO) Index is one of the factors controlling the climate conditions in the Mediterranean area (Lamb and Peppler 1987; Massei et al. 2010; Lopez-Moreno and Vicente-Serrano 2008; Lopez-Moreno et al. 2011; Romano and Preziosi 2013; Fiorillo et al. 2015) . Telesca et al. (2014) compared the SSA long-term trend of monthly Lebanese snow cover and the monthly NAO index and revealed that the two series are strongly connected especially during the minima of the 2009-2010, suggesting the existence of an influence of climate teleconnections on the temporal variability of snow cover in Lebanon. Therefore, in the present study we aimed at verifying whether NAO index could also be a possible forcing of the time dynamics of the Litani streamflows. Thus, we downloaded the NAO monthly index from the NOAA Climate Prediction Center in order to investigate possible correlation between the Litani streamflow series and the regional climate patterns in the northern hemisphere. We applied the SSA to the monthly NAO index and decomposed it into 24 components as we did for the streamflow series. Figure 10 shows the original series (black) and trend (blue), which corresponded to the third component of NAO index. Figure 11 shows the comparison between the long-term SSA component of the NAO index and the time variation of the KLD parameter for each station. As a general feature, we see that the most significant variation of KLD (black) above the 95% confidence level (red) occurs in periods of almost persistent negative phase in the NAO index (blue) for most of the stations. Negative NAO indicates that the westerlies from the Atlantic Ocean towards Eurasia are suppressed (Hurrell 1995) . Westerlies generally bring moisture from the Atlantic ocean in winter. Hence during negative NAO phases, the winters are usually dryer in Europe and in the Mediterranean Region (Hoerling et al. 2012) . The significantly high values in the KLD indicate that the streamflow dynamics undergo complex fluctuations that could be probably induced by suppressed westerlies.
Conclusions
The present study is focused on the analysis of time dynamics of eight major streamflow series recorded at representative sites along the course of the Litani River in Lebanon. Our findings can be summarized as follows. (1) The time variability of all the streamflow series is modulated by the annual periodicity.
(2) The contribution of the annual periodicity to the total variance of the series changes from one station to another, being maximum for Anjar (ordinary spring type) (about 40%) and minimum for Khrayzat (karstic spring type where underground cavities and galleries exist) (about 16%). (3) The long-term trend extracted by using the SSA accounts from a minimum of about 44% of the total variance for Berdaouni to a maximum of about 75% of the total variance for Khrayzat. (4) The controlled water supply from the Qaraaoun Reservoir, different supply rates at different time periods, affects the variability of the trend, which is almost uniform for the five stations located before, while is decreasing for those located beyond. (5) The peaks found in the long-term trends of all the stations are mostly connected with the extreme precipitations (rainfall and snowfall) occurred during the recording period. (6) A significant correlation between the negative phase of the long-term trend of the NAO index and the high values of the KLD of the longterm trend of the streamflow series suggests that nonlinear dynamics of the streamflows (indicated by high KLD values) could be induced by suppressed westerlies from the Atlantic Ocean towards Eurasia that generally bring moisture from the Atlantic Ocean in winter.
The analysis of monthly streamflow time series of the Litani River has significant implications for the hydrological assessment for the largest river in Lebanon: (a) Asserting the most accurate streamflow and water volume along the investigated sites of the river, and helping to diagnose the precise water budget for the entire river; (b) the obtained trends can be considered as hydrological clues to assess the influencing physical and anthropogenic challenges including mainly the changing climate and increased water demand, 1943 1953 1963 1973 1983 1993 NAO 1948 NAO 1958 NAO 1968 NAO 1978 NAO 1988 NAO 1998 NAO 2008 NAO 2018 NAO 1948 NAO 1958 NAO 1968 NAO 1978 NAO 1988 NAO 1998 NAO 2008 NAO 2018 NAO 1948 NAO 1958 NAO 1968 NAO 1978 NAO 1988 NAO 1998 NAO 2008 NAO 2018 NAO 1933 NAO 1943 NAO 1953 NAO 1963 NAO 1973 NAO 1983 NAO 1993 notably for the agricultural purposes. Hence, the obtained trends can be a significant tool to be considered while proposing adaptation measures for water shortage (e.g. efficient irrigation systems, water harvesting, wise-use of water, etc.); (c) understanding the streamflow regime and its dynamic changes along the major river tributaries as well as from the principals feeding spings will give the consumers an idea about water availability in the river and its tributaries. This can help proposing thresholds and controls for water consumption, and it aids in the establishment of water management approaches (e.g. new economic policies, controlled water supply, tariffs, etc.).
